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Abstract

Cryo-electron microscopy (cryo-EM) has solidified its position in the structural bi-

ology field as an invaluable method for achieving near-atomic resolution of macro-

molecular structures in their native conditions. However, the inherently fragile na-

ture of biological samples imposes stringent limitations on the electron doses that

can be used during imaging, resulting in data characterized by notably low signal-

to-noise ratios (SNR). To obtain a three-dimensional (3D) representation of these

biological entities, substantial volumes of data need to be acquired and averaged in

3D to remove noise and improve resolution. The cryo-EM structure determination

workflow involves many intricate steps, starting with sample preparation and vitri-

fication, progressing to sample screening and data collection. During data analysis,

macromolecular structures-of-interest need to be accurately identified and localized

before they can be used for 3D reconstruction. A key challenge in this process is the

extensive manual intervention and time required to analyze the large volumes of data

that are necessary to achieve high-resolution. In this thesis, we propose strategies

that harness the capabilities of deep learning to accelerate and reduce manual inter-

vention during the data acquisition and image processing pipelines, with the goal of

automating and streamlining the determination of protein structures of biomedical

relevance.

To improve the efficiency of data collection, we introduce cryo-ZSSR, a deep-

internal learning-based method that enables the determination of 3D structures at
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resolutions surpassing the limits imposed by the imaging system. By combining low

magnification imaging with in-silico image super-resolution (SR), cryo-ZSSR acceler-

ates cryo-EM data collection by allowing to include more particles in each exposure

without sacrificing resolution. To mitigate the need for manual intervention and

further streamline sample screening and data collection, we develop the Smartscope

framework which leverages deep learning-based navigation techniques to enable spec-

imen screening in a fully automated manner, significantly increasing efficiency and

reducing operational costs. For data processing downstream, we introduce deep-

learning based detection algorithms to streamline and automate particle identifica-

tion both in 2D - single particle analysis (SPA), and 3D - cryo-electron tomography

(CET). Our approach enables precise detection of proteins-of-interest with minimal

human intervention while reducing detection time from days to minutes, allowing

the analysis of larger datasets than previously possible.

Collectively, we show these methods substantially boost the efficiency of cryo-

EM data acquisition and help streamline the SPA and CET image analysis pipelines,

paving the way for the development of high-throughput strategies for high-resolution

structure determination of biomolecules. We conclude this thesis by discussing the

potential benefits and shortcomings of using deep learning-based algorithms in cryo-

EM image analysis tasks.
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1

Introduction

Cryo-electron microscopy (cryo-EM) is a powerful imaging technique used in struc-

tural biology to visualize the three-dimensional structures of biological macromolecules

at near-atomic resolution. This technique's signi�cance lies not only in its capacity

to sidestep the challenging crystallization requirements of x-ray crystallography but

also in its ability to capture dynamic biological processes and heterogeneous struc-

tures, making it an indispensable tool in drug discovery, biochemistry, and the study

of fundamental molecular mechanisms.

There are two imaging modalities in cryo-EM: single particle analysis (SPA) and

cryo-electron tomography (CET). The distinction between these approaches lies in

the type of data collected. SPA revolves around the capture of two-dimensional pro-

jection images, often referred to asmicrographs, containing projections of individual

puri�ed particles from di�erent orientations. In contrast, CET takes a three dimen-

sional approach by acquiring atilt series of projection images taken from di�erent

viewpoints around a �xed tilt axis.

The path to go from raw data to a re�ned 3D structure is an intricate one,

comprised of several critical steps (Figure 1.1):
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Figure 1.1 : Cryo-EM structure determination pipeline.

1. Sample preparation: Biological samples need to be plunge frozen for cryo-EM

imaging. During vitri�cation, a layer of amorphous ice is formed acting as

mechanical support for the specimen. After this process, individual molecules

of the specimen are embedded within a 100 nm-thick layer of viterous ice and

are suitable for imaging in an electron microscope.

2. Grid Screening: 3mm-wide round grids are loaded into the microscope and

human experts perform data screening to evaluate ice quality, protein concen-

tration and stability of the grids. Screening starts by taking low magni�cation

exposures and producing a montage (atlas) to evaluate grid quality. Higher

magni�cation images are then taken at several locations throughout the grid,

to further assess the quality of the sample.

3. Data Collection: Automated data collection is initiated following satisfactory

screening results. Users identify speci�c areas of interest for automated high-

magni�cation imaging.

4. Data Processing: Once data is collected, individual exposures consisting of

multiple consecutive frames get fed into the data processing pipeline which is

comprised of the following sub-steps:
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a. Data pre-processing: This step includes frame alignment for SPA or tilt

series alignment for CET. It also involves estimating the contrast transfer

function (CTF) for micrographs and tilt series, followed by 3D tomogram

reconstruction in the case of CET.

b. Particle picking: Individual molecules are identi�ed and extracted from

2D micrographs (SPA) or 3D tomograms (CET), often numbering in the

hundreds of thousands.

c. 3D reconstruction: Extracted particles undergo a series of steps for 3D

reconstruction, including orientation assignment, sub-volume averaging

(for CET), and post-processing to produce the �nal high-resolution 3D

structure.

The main determinant for achieving a high-resolution 3D reconstruction in both

modalities is the amount of high quality data available. The quality of data is

safeguarded by sample screening prior to data collection and particle picking that

generates high quality particle stacks for 3D reconstruction. The primary challenges

in quickly obtaining high-resolution structures in a timely manner are the extensive

human involvement required for data screening and particle picking, as well as the

time required to process vast amounts of data (highlighted in red, Figure 1.1).

Moreover, as the amount of collected data increases, so does the need for human

intervention in downstream processing. However, data screening is an iterative and

recurrent process due to the requirement for optimal sample quality before data

collection commences. This meticulous process is executed by human experts working

directly at the microscope, and it can span hours or, in certain instances, days across

multiple iterations, underscoring the intricacies inherent in discerning the highest

standards of data quality and the labor-intensive nature of the task.

Particle picking plays a critical role in the quality of 3D reconstruction, as stud-
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ies have shown that the resolution of the reconstructed 3D structure increases log-

linearly with the number of good particles used. In SPA, every micrograph contains

dozens to several hundred 2D projections of the particle of interest. For CET, where

proteins are observed in their native environment, each tilt series contains multi-

ple protein species. The task of identifying the precise location of these proteins of

interest within each micrograph or tilt series is a challenging endeavor, demanding

substantial manual labeling e�orts that typically span several days to accomplish.

As datasets grow in size, the manual workload increases correspondingly and be-

comes the main bottleneck of the entire processing pipeline. Given the fragile nature

of biological samples, there's an essential need to keep electron dosage low to avert

radiation damage. Consequently, data acquired for both modalities are character-

ized by an exceptionally low signal-to-noise ratio (SNR). This necessitates collecting

a signi�cant volume of data with �ne pixel sizes. For context, a conventional sin-

gle particle analysis (SPA) dataset typically comprises thousands of micrographs,

whereas a standard cryo-electron tomography (CET) dataset usually spans from

tens to several hundred tilt series.

Prior work to accelerate and automate the data processing pipeline mostly relied

on traditional signal processing techniques. For the case of data screening, existing

software identi�es areas of interest through methodologies such as pixel threshold-

ing, template matching or the sobel �lter [TPB+ 07]. Notably, these packages are

not tailored to facilitate exhaustive sampling across the entirety of a sample grid.

Their primary objective is rather skewed towards capturing a substantial volume of

high-quality images from a prede�ned set of targets. Similarly, the prevailing al-

gorithms used for particle picking in both SPA and CET are predominantly based

on either template matching or di�erence of Gaussians. These approaches not only

prove time-intensive but often result in lower accuracy rates. An ideal cryo-EM data

processing pipeline should inherently possess the following properties: be compatible
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with high throughput operation and require minimal human involvement, all while

maintaining the precision and e�cacy of the entire work
ow. Recently, deep-learning

based signal processing techniques have surpassed their traditional signal processing

counterparts, marking commendable contributions in multiple areas, including med-

ical imaging. Yet, their adoption remains relatively unexplored in the domain of

structural biology. Given this context, we hope to work toward the ideal cryo-EM

data processing pipeline by integrating deep learning into the existing work
ow.

The contributions of this thesis are as follows:

ˆ In chapter 2, we review the roles of data screening and particle picking in

cryo-EM, as well as related advancements in both cryo-EM and deep learning

�elds.

ˆ In chapter 3, we present Smartscope, the �rst framework to streamline, stan-

dardize and automate specimen evaluation in cryo-EM. Smartscope leverages

fully supervised deep-learning based object detection techniques to build a gen-

eralized model that identi�es and classi�es features suitable for imaging, allow-

ing it to perform thorough specimen screening in a fully automated manner.

Additionally, we release the �rst open-sourced dataset for specimen screening,

envisioning it as a fundamental resource for future work on advancing auto-

mated screening techniques.

ˆ In chapter 4, we explore the potential to reduce the amount of data needed

for single particle 3D reconstruction through in-silico super-resolution (SR).

The proposed framework, cryo-Zero Shot Super Resolution (ZSSR), leverages

the internal image statistics of cryo-EM movies and does not require training

on ground-truth data, which do not exist in cryo-EM imaging. Our empirical

results validate that achieving a 3D reconstruction that surpasses the Nyquist
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frequency is feasible. The proof-of-concept underscores the prospective en-

hancement in cryo-EM data collection rates, which can be achieved by the

combination of low magni�cation imaging with in-silico image SR, e�ectively

enabling the inclusion of a greater quantity of particles per exposure, and doing

so without sacri�cing resolution.

ˆ In chapter 5, we proceed to the next step in the data processing pipeline: the

challenge of automating particle picking within SPA. We introduce a framework

designed to simultaneously perform denoising and detection, facilitating par-

ticle localization even in scenarios characterized by extremely low SNR. This

is achieved through self-supervised denoising paired with particle identi�cation

from sparsely annotated data using semi-supervised learning. The proposed

approach markedly reduces the amount of manual labor needed and expedites

the process of particle identi�cation.

ˆ In Chapter 6, we address the intricacies of particle detection within CET, a no-

tably more demanding challenge. We introduce a new framework, MiLoPYP,

which initiates the process by discerning diverse protein types within cellu-

lar content via self-supervised feature representation learning. For any given

protein-of-interest, MiLoPYP re�nes its detection capabilities to pinpoint the

exact locations of that speci�c protein type, drawing upon training from a lim-

ited set of annotated particles acquired through feature representation learning.

Critically, MiLoPYP o�ers a tangible reduction in manual intervention and

considerably hastens particle identi�cation within crowded CET tomograms.

ˆ Finally, we conclude by discussing open challenges and the potential and pitfalls

of using deep learning in cryo-EM in chapter 7.
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2

Background

In this chapter, we provide a detailed background on the role of specimen screening

and particle picking in the overall data processing pipeline of cryo-EM. We also

discuss recent developments in computer vision that serve as foundation for our

adoption into cryo-EM.

2.1 The role of specimen screening

While advancements in both hardware and software have enhanced the resolution of

structures captured using cryo-EM, making it a preferred method in structural biol-

ogy, the attainable resolution remains intrinsically tied to the quality of the specimen.

The optimal specimen for structural resolution consists of a singular layer of randomly

oriented macromolecular complexes encapsulated within a thin layer of vitreous ice.

However, during specimen preparation, multiple factors, such as interactions at the

air-water interface, accentuated by con�nement to a thin bu�er layer, can compro-

mise protein complexes. This can result in denaturation, aggregation, or even induce

a preferred orientation of molecules [NDW+ 17]. Furthermore, vitri�cation methods

often produce inconsistent ice thickness across the grid. Such discrepancies can sub-
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stantially impair specimen quality. Addressing these anomalies typically involves an

intricate optimization process, wherein multiple parameters are adjusted to improve

the stability and uniform dispersion of the target macromolecule [PR16]. Assessing

each parametric combination demands exhaustive sampling across one or more grids.

However, comprehensively testing every combination is untenable, as the potential

permutations grow exponentially with each added parameter. Consequently, a more

strategic, iterative approach is adopted, wherein select parameters are assessed, and

subsequent conditions are determined based on the preceding outcomes.

Specimen screening aims to gather detailed information from each condition, often

using the varied features of each grid to gain insights about the macromolecule be-

haviors. This involves choosing areas to study, adjusting the microscope's settings,

and capturing images at di�erent magni�cation levels. Low-magni�cation images

help assess the quality of the vitri�cation process, identify areas suitable for higher

magni�cation study, and spot signs of sample instability like aggregation. Higher

magni�cation images o�er details about the macromolecules, such as their condi-

tion, density, heterogeneity, along with ice quality and resolution limit of images.

Gathering a detailed level of information makes manual screening labor-intensive

and requires expertise.

There is very limited work on screening automation. Prior works for auto-

mated cryo-EM don't prioritize comprehensive sampling of each grid. Instead, these

tools focus on capturing numerous high-quality images from prede�ned target sets

[Mas05, SPF+ 05]. While all such software do retain lower magni�cation images and

their respective stage positions, they generally don't support easy virtual grid navi-

gation. An exception is Leginon's associated software, Appion [LSV+ 09], which o�ers

remote access to results through a web user interface (WebUI). However, no existing

software is tailored speci�cally for screening, nor do they o�er a web-based interface

for controlling the microscope during specimen assessment.
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2.2 The role of particle picking

Data collected using cryo-EM have extremely low SNR, as electron dosage has to be

kept low to prevent radiation damage to the biological sample[BBS20]. Therefore,

large amounts of data have to be acquired in order to obtain high resolution 3D

reconstructions. A typical SPA dataset usually contains thousands of micrographs

and each micrograph contains a few hundred copies of the protein of interest. To

obtain a single high-resolution structure, hundreds of thousands of 2D projections of

particles with random orientations need to be detected within micrographs. Particle

projections are then extracted, aligned and back-projected to obtain a 3D recon-

struction. Similarly, a typical CET dataset contains tens to hundreds of tomograms.

Unlike SPA that uses puri�ed proteins, CET images the whole cell. Bypassing the

need for protein puri�cation, CET allows determination of protein structures within

their native context while also providing information on their distribution and part-

ner interactions. A typical CET dataset usually contains between tens to a few

hundred tomograms and each tomogram contains a few hundred copies of the same

protein of interest. To obtain a single high-resolution structure, tens of thousands

of sub-volumes containing randomly oriented and distributed copies of the protein

of interest �rst need to be detected within tomograms. Sub-volumes are then ex-

tracted, aligned and combined in 3D using SVA, making the detection task critical

for the downstream data processing. Particle picking in both SPA and CET is further

complicated by the low SNR nature of acquired data.

Previously, particle picking in SPA was performed using either size-based or

template matching algorithms. More recently, deep-learning algorithms, such as

as semi-supervised learning-based Topaz [BMN+ 19] and fully supervised learning-

based crYOLO [WMS+ 19a] are proposed, However, the current proposed methods

only perform well for datasets of larger-sized proteins with relatively high SNR. On

9



datasets of smaller-sized proteins with extremely low SNR, however, existing auto-

matic picking algorithms are susceptible to under/over picking [KZW+ 22]. Particle

picking in CET is even more challenging and was historically performed using either

template matching or manual labeling. Recent e�orts to tackle particle picking from

CET tomograms using deep-learning only work on simulated datasets with full an-

notation, and use network architectures with millions of parameters that take days

to train and hours to perform detection on a single tomogram, making their use

impractical in real applications [GCvdS+ 21]. Therefore, particle picking remains a

major bottleneck that has slowed down the reconstruction of high-resolution protein

structures.

2.3 Image super-resolution (SR): Single image super resolution (SISR)
and multiple image super resolution (MISR)

Over the past few decades, signi�cant advancements have been made in image super-

resolution (SR), spanning both single image super-resolution (SISR) and multi-image

super-resolution (MISR). Traditional SISR techniques can be broadly categorized

into:

ˆ Interpolation-based methods: Examples include Bilinear and Lanczos kernels.

Fast but with limited accuracy.

ˆ Reconstruction-based methods: These leverage prior knowledge about images.

Although capable of generating high-quality images, they tend to be time-

intensive and their e�cacy diminishes with increasing up-sampling factors.

ˆ Example-based methods: machine learning based methods that uncover rela-

tionships between low-resolution (LR) and corresponding high-resolution (HR)

images from training samples.
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More recently, deep learning-driven SISR algorithms, grounded in example-based

learning, have gained prominence and shown remarkable improvements over tradi-

tional methods. Notably, generative adversarial network (GAN) [GPAM+ 14] based

deep learning approaches, such as Super Resolution Generative Adversarial Network

(SRGAN) [LTH + 16], and Photo Sampling via Latent Space Exploration (PULSE)

[MDH+ 20] are able to perform extremely well on certain natural and facial images.

However, most of these networks are trained in a supervised manner and require

knowledge of ground truth images. Results reconstructed using GANs, even though

visually appealing, tend to generate information that does not exist in the actual

HR pictures. In addition, the formation of training datasets, speci�cally the LR im-

ages, are usually generated using predetermined ideal processes (e.g., bicubic down-

sampling, gaussian blurring, etc.). In reality, LR images rarely follow this model,

resulting in poor performance of previously mentioned methods.

Addressing this gap, the Zero-Shot Super-Resolution (ZSSR) technique was intro-

duced by Shocher et al. [SCI17]. Unlike methods that depend on external training,

ZSSR harnesses the internal repetitions within a single image, training a CNN using

samples exclusively from the input image. As a result, ZSSR delivers impressive re-

sults, even surpassing state-of-the-art (SotA) methods, particularly with LR images

produced through non-standard down-sampling approaches.

Turning to the problem of MISR - which involves the extraction of information

from many LR observations of the same scene to reconstruct HR images, the earliest

method developed by Tsai and Huang [TH80] used a frequency domain technique to

improve the spatial resolution of images by combining multiple LR images with sub-

pixel accuracy displacements. Later on, other spatial domain MISR methods were

proposed that include non-uniform interpolation such as adaptive kernel regression

[TFM07], Bayesian modeling algorithms [TB03], and projection onto convex sets

(POCS) [FWLM17]. Most of these SR methods assume a priori knowledge about
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the motion model, blur kernel and noise level. However, there are many cases where

the actual image degradation process is unknown.

For this reason, many blind SR image reconstruction methods were developed.

These methods usually involve two steps: 1) motion estimation for LR images, fol-

lowed by 2) simultaneous estimation of both the HR image and the blurring function.

Since separating image registration and HR estimation tends to produce sub-optimal

results, some researchers have developed methods that jointly estimate motion pa-

rameters and the HR reconstruction [RTLF10]. Recently, similar to SISR problems,

deep learning based methods have been proposed to simultaneously solve video SR

and MISR problems. Most of the existing work is focused on video SR, such as

frame recurrent SR [SVB18] which utilizes previous inferred HR frames to super-

resolve subsequent frames in an end-to-end trainable framework that incorporates

both frame registration and HR estimation. More recently, several deep-learning

based algorithms were proposed to solve MISR problems in satellite imaging and

burst photography. HighResNet [DKG+ 20] learns to co-register, fuse and upsample

multiple frames into one super-resolved image in an end-to-end manner. Residual

attention model super-resolution (RAMS) utilizes 3D convolutions to exploit spatial

and temporal relationships across images for HR reconstruction of satellite images

[SMKC20]. Deep burst super-resolution [BDGT21] combines both pixel-wise optical


ow alignment and attention based fusion module to achieve HR reconstruction from

image bursts. Despite all the previous work of SR on natural and satellite images,

little work has been done on MISR methods in the context of cryo-EM. Preliminary

work done by Chen et al. [Che18] demonstrated that MISR reconstruction surpassing

the Nyquist frequency is possible by using a noiseless synthetic dataset and with-

out considering the modulation e�ects of the contrast transfer function (CTF). Real

micrographs acquired with an electron microscope, however, inevitably su�er from

low-SNR due to the small doses used during imaging and are modulated by the CTF.
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2.4 Denoising without clean images: traditional signal processing and
deep-learning based methods

Blind image denoising is usually achieved by leveraging internal data statistics. Tra-

ditional methods based on internal statistics include Non-Local Means (NLM) which

predicts clean pixel values based on similar local neighborhoods [CM11], and Block-

Matching 3D (BM3D) which similarly relies on data repetitiveness [DFKE06]. More

recently, denoising methods based on convolutional neural networks have been pro-

posed, including Deep Image Prior which trains a neural network to learn the prior

distribution of data from pure noise [UVL20a], Noise2Noise (N2N) that learns to

denoise using pairs of independently corrupted training images that share the same

underlying signal [LMH+ 18], and Noise2Void that assumes independence of noise

corruption for each pixel and trains the denoising network only using the single in-

put noisy image by masking the central pixel [KBJ19a]. Built on Noise2Void, a

more generalized formulation was proposed in [BR19] and was further improved by

incorporating Bayesian statistics in [LKLA19]. In addition, a number of related im-

age denoising methods based on deep-learning have been proposed [LJ20, HPB20,

QCPJ20, HLJ+ 21, PKJ20]. For the case of cryo-EM images, implementations of N2N

have been successfully applied to low SNR biological samples in [BKNB20, PAC+ 20].

2.5 Existing methods in object detection: traditional signal process-
ing and deep-learning based methods

Traditional object localization methods include Viola-Jones [VJ01] which uses Harr-

like features for face detection, the HOG detector [DT05] which uses gradient infor-

mation for feature detection, and template search [Bru09] which identi�es objects

by maximizing a cross correlation score. More recently, neural network based object

detection algorithms have been applied and shown promising results in various �elds
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ranging from photography to medical imaging. Existing object detection can be

broadly divided into two categories: anchor-based and anchor-free. Representative

works of anchor-based methods include faster R-CNN [RHGS15], which is a region-

based two-stage object detector, YOLO [RDGF16] and SSD [LAE+ 16], which are

one-stage object detectors. To address problems with class imbalance, the use of a

focal loss term was proposed in [LGG+ 20]. Building on top of anchor-based methods,

anchor-free methods were later introduced. This includes FCOS [TSCH19], which

performs per-pixel bounding box prediction, CornerNet [LD19], which identi�es

bounding boxes through top-left and bottom right corner keypoints, and CenterNet

[ZWK19], which predicts bounding box location by estimating its center coordinates.

More recently, transformer-based object detection frameworks [CMS+ 20, ZSL+ 21]

have been proposed as well. The majority of existing semi-supervised object detec-

tion methods are either built upon one-stage detectors [RDGF16, LAE+ 16] or two-

stage detectors [Gir15, RHGS15]. Most of the semi-supervised learning frameworks

incorporate the use of unlabeled data through the use of consistency regularization

[XDH+ 20, ZBL+ 03, SBL+ 20], along with supervised learning of labeled data. Self-

supervised sample mining stitches high con�dence unlabeled data patches to labeled

data and maximizes the consistency of proposed regions [WYZ+ 18]. Data augmen-

tation is widely applied in consistency learning, including approaches that maximize

consistency between detection and classi�cation outputs of labeled/unlabeled im-

ages and their augmented pairs [JLKK19], and algorithms that use labeled data to

�rst train a teacher model and then update the model by maximizing the consis-

tency between output pseudo-labels of unlabeled data and strongly augmented pairs

[SZL+ 20]. More recently, one shot learning approaches that use a single annotated

image and a template have been proposed [HLCL19] which utilize a squeeze and ex-

citation mechanism and are built on top of the faster R-CNN architecture [RHGS15].
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2.6 Positive unlabeled (PU) learning

PU learning can be broadly generalized into two categories: (1) two-step techniques

that �rst identify reliable negative examples and learn based on labeled positives and

reliable negatives; (2) class prior incorporation. The two-step techniques are simi-

lar to the teacher-student model that have been widely adopted in semi-supervised

learning [XZH+ 21, SZL+ 20, KWY+ 19]. Class prior information can be incorporated

in two ways: (1) the expected distribution of the classi�ed unlabeled data should

match the known prior distribution (this is a form of posterior regularization called

GE criteria [DMM08] and this approach is adopted by [BMN+ 19]), and (2) unbiased

PU learning, where the unlabeled data is used as negatives while being properly

down-weighted [KNdPS17, dPNS14].

2.7 Multi-task learning (MTL)

While neural networks have shown impressive results for various tasks such as afore-

mentioned denoising and detection, these tasks are solved in isolation, i.e., a dif-

ferent network is trained for each task. Recently, MTL that aims to train a sin-

gle network to perform di�erent tasks simultaneously has shown promising results

[Rud17, KGC18, EP04, ZLLT14, LQH17, RPC19, LQH16]. MTL leverages comple-

mentary information shared between related tasks to improve model generalization

and the performance of the original task. Associated tasks can also act as regulariz-

ers for one another. Earlier applications of MTL in object detection include Mask-

RCNN[HGDG18], which extends the Faster R-CNN [RHGS16] by adding a branch

for predicting segmentation masks for each object detected in an image. More re-

cently, object detection tasks are often aided with other tasks such as estimating

distance between detected objects [CZLZ18], using segmentation masks as attention

[PBSH20], using attention mechanisms to dynamically weigh the contributions of
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di�erent tasks during training and inference [LJD18], and performing denoising and

detection through a cascaded network in a supervised manner [GV20]. Inspired by

these MTL applications, Buchholz et al. combined denoising and supervised seg-

mentation and applied the joint model to 
uorescence microscopy images [BPKJ20].

Most of these strategies operate on images with relative high SNR and require full

supervision on at least one task.

2.8 Contrastive reprsentation learning

The goal of contrastive learning is to learn an embedding space in which similar sam-

ple pairs are close to each other while dissimilar pairs are farther apart. Learning

meaningful representations of data facilitates downstream tasks such as classi�ca-

tion and detection. Multiple learning objectives have been proposed to achieve this,

including the Triplet loss [SKP15], which learns to minimize the L-2 distance be-

tween an anchor and the positive input while maximizing the distance between an

anchor and the negative input; N-pair loss [Soh16], which is a generalization of triplet

loss which includes comparison with multiple negative samples; and InfoNCE loss

[vdOLV18], which uses a categorical cross-entropy loss to identify positive samples

amongst a group of noise samples. InfoNCE loss has been adopted by many self-

supervised contrastive learning frameworks such as SimCLR [CKNH20] and MoCo

[HFW+ 20] and SimSiam[CH20]. In most self-supervised contrastive learning frame-

works, heavy data augmentation, large batch size and hard negative sampling are

crucial components. Supervised contrastive learning [KTW+ 20] using InfoNCE is a

generalization of triplet loss and N-pair loss. In addition to image-wise contrastive

learning, there are pixel-wise contrastive learning frameworks used for image seg-

mentation [ZVM+ 20, CEKK20]. Most self-supervised contrastive learning frame-

works are based on biased assumptions. To address this issue, debiased instance

level contrastive learning based on PU learning is proposed [CRL+ 20].
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3

Automated systematic evaluation and screening of
cryo-EM specimens with Smartscope

3.1 Introduction

In this chapter, we present Smartscope[BHR+ 22], the �rst framework to standardize

and automate specimen evaluation in cryo-EM. This work is done in collaboration

with Dr. Jonathan Bouvette and Dr. Mario Borgnia from National Institute of En-

vironmental Health Sciences (NIEHS). Smartscope is empowered by deep-learning-

based objection detection algorithms to localize and categorize features optimal for

imaging, thereby enabling comprehensive specimen screening with full automation.

A user-friendly web interface, designed by collaborators at NIEHS, facilitates real-

time remote control of the microscope's automated functionalities and access to both

imaging and annotation tools. Manual annotations can be integrated to �ne-tune

feature recognition models, thereby enhancing the overall performance. In addition,

SmartScope is designed as a modular framework, facilitating the addition of new

algorithms for area selection and navigation that can further improve targeting per-

formance. We also release the �rst dataset for specimen evaluation model training.
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Figure 3.1 : Overview of the SmartScope framework. A. Work
ow for unsu-
pervised grid navigation and imaging. SmartScope handles specimen exchange, atlas
acquisition, regions of interest (ROIs) identi�cation, classi�cation, and selection. It
then visits the selected regions and identi�es and selects targets of interest (TOIs)
which are acquired at higher magni�cation and preprocessed.B. Detailed steps in
ROI selection. After detection and classi�cation, ROIs are also clustered into groups.
In the example is a clustering by size. Then, from the ROIs are queried based on
their class and ROIs from di�erent clusters are selected.C. Detailed steps in TOI
selection. Shown here is the hole detection followed by a median intensity cluster-
ing. Then, holes are grouped by image-shift radius and groups from each cluster are
selected for imaging.
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Figure 3.2 : Detailed SmartScope work
ow. Steps carried out by SerialEM
[Mas05] are shown in purple and steps carried out by SmartScope are shown in
blue. Steps that can be modi�ed within the sessions setup or during the session are
shown in bold (see Table 3.1 for descriptions of the parameters). The steps in the
dashed boxes are executed asynchronously from the main work
ow, meaning that
the work
ow moves to the next steps while these are executing.

3.2 Method

Screening work
ow depends on the instrument used and the type of specimen. For

Smartscope, we describe the extended operation of a microscope equipped with an

autoloader, tasked with handling frozen hydrated targets for SPA. These targets are
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Figure 3.3 : Beam-image shift hole grouping algorithm. A. The hole grouping
function takes the coordinates of the holes in a square, the maximum grouping radius
in microns and a minimum group size. The algorithm uses the distance matrix
between the holes and attempts to group them to maximize the coverage while
minimizing the number of groups. Each iteration, shown in the dark gray box,
uses a randomized matrix. The iterations will stop after 500, unless 250 consecutive
iterations did not improve the score. Scores can be weighted in favor of coverage or
the number of groups by changing the weight (default weight = 2).B. Example of
how grouping can be optimized by labeling holes bad holes (red) and re-running the
grouping algorithm (white scale bars are 10µm).
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prepared on a micropatterned holey substrate or continuous carbon (Figure 3.1,

3.2). All software interactions are executed via the SmartScope WebUI, which not

only enables progress monitoring and work
ow control but also ensures ease of use,

even for those with minimal cryo-EM experience. Additionally, SmartScope supports

multiple remote devices, greatly facilitating collaborative work.

Table 3.1: Input parameters for a SmartScope session.
Parameter name Description
General session parameters
Session name Name of the microscopy session
Group Group name of the microscopy session. Usually the principal

investigator's name
Microscope Microscope being used for the session
Detector Detector being used for the session
Collection parameters
Atlas X Number of tiles for the Atlas acquisition in X axis (default:

3)
Atlas Y Number of tiles for the Atlas acquisition in Y axis (default:

3)
Square X Number of tiles for the window acquisition in X axis (default:

1)
Square Y Number of tiles for the window acquisition in the Y axis

(default: 1)
Squares num Number of windows to be selected for high-magni�cation

imaging (default: 3)
Holes per square Number of targets per windows to be selected for higher-

magni�cation imaging. If 0 is entered, all targets will be
selected and data collection mode will be enabled (default:
3)

BIS max distance Beam-Image shift grouping radius in microns (default: 0)
Min BIS group size Smallest Beam-Image shift group size to be considered (de-

fault: 1)
Target defocus min Lower end of the defocus range for rolling defocus in microns

(default: -2)
Target defocus max Higher end of the defocus range for rolling defocus in microns

(default: -2)
Defocus step Step by which the defocus is varied between each target

group (default: 0)
Continued on next page
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Table 3.1 { continued from previous page
Parameter name Description
Drift crit Drift threshold to be met during the drift settling procedure

before proceeding with high-magni�cation imaging. Use {1
to disable (default: {1)

Tilt angle Tilt angle to use for high-magni�cation imaging. Works with
BIS enabled (default: 0)

Save frames Whether to save the movie frames or return aligned sum
(default: Saving enabled)

Zeroloss delay Time delay in hours for zero loss peak re�nement. Only
useful if the microscope has an energy �lter. Use {1 to
deactivate (default: {1)

O�set targeting Enable random targeting o�-center to sample the ice gradi-
ent and carbon mesh particles. Automatically disabled in
data collection mode (default: enabled)

O�set distance Override the random o�set by an absolute value in microns.
Can be used in data collection mode. Use {1 to disable
(default: disabled)

Autoloader (1 per grid)
Name Name of the grid
Position Position in the autoloader
Hole type Grid hole spacing type
Mesh size Grid mesh size and spacing
Mesh material Grid mesh material (i.e. carbon or gold)

3.2.1 Initialization of Smartscope

Once a cassette is placed in the autoloader, a session begins by inputting the list

of grids for evaluation, accompanied by a set of applicable parameters (Table 3.1).

SmartScope then connects to SerialEM [Mas05] through its python API, sending

commands to the microscope. This connection is locked to avoid overlapping work-


ows. For devices with automated loading systems, grids are loaded one after the

other into the column, where they undergo the subsequent operations detailed in the

following sections.

22



Figure 3.4 : Object detection training strategy. Atlas A. and Windows B.
where manually picked and annotated. The annotated dataset was augmented using
a combination of rotations, translations, contrast variations, magni�cations, and 
ip
transforms. The models were trained against their speci�c architectures.
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3.2.2 Grid analysis at low magni�cation level

For each grid loaded, a series of low magni�cation images are acquired and stitched

together to generate a grid map or \Atlas" which is analyzed by SmartScope's DL-

based window detector and classi�er (Figure 3.1,A).Windows that are unsuitable

for imaging because of physical damage or signi�cant contamination are disregarded

for further examination. The remaining acceptable windows are re-categorized and

grouped according to a chosen standard (for instance, areas suitable for imaging).

Representative windows from each cluster are included in a list of regions of interest

(ROIs) to ensure a diverse range of imageable sections are captured (Figure 3.1,B).

The software then advances to examine and select imaging targets from the ROIs

on this list. This list can be adjusted through the WebUI anytime before the grid's

completion.

3.2.3 DL-based window detector

To localize and classify square windows, a faster R-CNN-based framework [Gir15]

that uses a ResNet50 architecture as the feature extraction backbone was adopted.

It incorporates a feature pyramid network for identi�cation of objects at di�erent

magni�cation levels. In addition, since most features have approximately equal width

and height, the bounding boxes were constrained to have aspect ratios within the 0.8

to 1.2 range. To improve robustness and stability of the model, data augmentation

was applied to the training data, including zoom-in/zoom-out, rotation, contrast

adjustments and 
ipping. The degree of augmentation for the contrast intensity

was limited to the 0.8 and 1.2 range. To compensate for label imbalance, ran-

dom oversampling was added during training. Squares are classi�ed into 6 di�erent

classes: good (suitable for imaging), small (thick ice), contaminated, cracked, frac-

tioned, and broken (Figure 3.4,A). The low-level magni�cation feature detector was

trained using a total of 26 atlases from both carbon and gold mesh grids acquired on
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Ceta (Thermo Fisher Scientic) and K2 (Gatan Inc) detectors. Each atlas contains

around 50 to 100 squares on average. The original atlases, usually having widths and

heights greater than 10,000 pixels were downsampled to 2048� 2048 pixels to re-

duce memory requirements. The framework is implemented using the python library

Detectron2[WKM+ 19]. Training the detector takes around 2 hours when running on

a NVIDIA TITAN V GPU card with 32GB of RAM. The pre-trained weights are

then used for fast real-time square detection during screening, which can evaluate

each atlas image in under a second.

3.2.4 Select of targets at higher magni�cation level

The stage is moved to the next ROI, brought to eucentric height and imaged at

a magni�cation that ensures complete coverage of the area (Figure 3.1,A). The

next step is to identify targets of interest (TOIs) based on a programmable criterion

that depends on the specimen. DL-based hole �nder is applied to detect holes in

frozen hydrated SPA specimens. After detection, holes are classi�ed based on their

average signal intensity (a proxy for ice thickness) and then clustered into a selectable

number of groups. The group with the darkest intensity is rejected as not suitable

for imaging. To maximize diversity, holes are selected from the di�erent clustered

and added to a TOI list (Figure 3.1,C). As with ROIs, this selection can be modi�ed

at any time during imaging of the grid.

The system sequentially accesses the chosen Targets of Interest (TOIs) by navi-

gating to their predicted coordinates. A sequence of images, taken at a magni�cation

that includes the TOI and its vicinity, are captured to �ne-tune the imaging area's

focus on the designated target. These medium-resolution images are stored in the

database, as they frequently o�er critical insights about the specimen, such as the

macromolecules' a�nity to the supporting material, aggregation, denaturation, etc.

Autofocus and drift stabilization procedures are then performed before acquiring
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high-magni�cation images of the target. To take images varying from the substrate's

edge, an optional o�set from the center of each hole can be set. The captured images

are processed using IMOD's alignframes routine [KMM96a] and the CTFFIND4 pro-

gram [RG15] to aid in data quality evaluation. This procedure is repeated for each

TOI before moving on to the subsequent Region of Interest (ROI).

Upon completion of imaging for all chosen ROIs on a grid, SmartScope seamlessly

transitions to the next one. However, users have the 
exibility to adjust this by

selecting the "pause between grids" feature in the session menu. This pause function

grants additional control during unattended sessions or when examining atypical

specimens where the automated process might not yield optimal results, permitting

users to select more ROIs at the end of a cycle.

3.2.5 DL-based hole �nder

To identify holes on all grid types and contrast levels, a deep neural-network architec-

ture based on the YOLOv5 model was adopted [RDGF16, Joc20]. We used the Cross

Stage Partial Network (CSPNet)[WLY+ 19] as the feature extraction backbone and

standard convolutional layers as detection layers. Since holes have circular shapes,

the aspect ratios of the bounding boxes were also constrained. To further facilitate

training, instead of using arbitrary numbers for anchor bounding boxes generation,

clustering algorithms to the ground truth boxes from the training dataset were ap-

plied to �nd the most common occurring sizes and we used these sizes to determine

the anchor bounding box sizes. Data augmentation was applied during training,

including contrast/brightness adjustment, rotation/translation, zoom-in/zoom-out,

and cropping. To deal with small contamination areas that can be incorrectly de-

tected as holes, an additional \contaminants" class is used to �lter out such areas

(Figure 3.4,B). Training of the hole �nder was done using 36 square images acquired

on Ceta (Thermo Fisher Scientic) and K2 (Gatan Inc) detectors and took 1.5 hours
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when running on a NVIDIA TITAN V GPU card with 32GB of RAM and infer-

ence takes less than a second. For memory e�ciency, each square was resized to

1280� 1280 pixels.

3.2.6 Accessing and annotating results

SmartScope systematically documents the results and facilitates their analysis. Dur-

ing collection, all images and their related metadata are stored in a consistent data

structure. To display and interact with these data, SmartScope implements an in-

tuitive WebUI that tracks the imaging process in real time. Moreover, it enables

remote interaction with a running session, such as modifying area selection, chang-

ing labels and acquisition parameters, and taking notes about the specimen, all

without interrupting the acquisition work
ow. After a session is over, SmartScope

can automatically copy the data to long-term or object storage. The data remains

available through the WebUI and allows users to make additional annotations. Other

tools, such as micrograph curation and exporting of metadata as star �les are also

available.

3.2.7 Adapting exhaustive screening to high throughput data collection

Smartscope is also capable of high-throughput data collection. Data collection ses-

sion can be initialized or changed from screening mode by setting the number of

TOI to sample to zero, which will prompt the system to image all TOIs available.

To achieve high-throughput, SmartScope makes uses beam-image shift (BIS) for

multi-hole imaging [CEA+ 18]. BIS can be used during screening for more exhaustive

sampling, allowing for exploratory data collections that can provide enough images

to carry out 2D classi�cation or initial 3D reconstruction. SmartScope's BIS group-

ing utilizes an algorithm that clusters holes within a speci�ed radius (Figure 3.3).

This method prioritizes "good" targets within these clusters, aiming to maximize
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target coverage while reducing the total group count. For e�cient data collection,

users can set a minimum group size to avoid small hole groupings. Both the BIS

radius and minimum group size can be adjusted at the session's outset or during its

progression. One method to counter orientation bias in single-particle cryo-EM in-

volves data collection on tilted specimens, as highlighted by [TBD+ 17]. SmartScope

adeptly handles BIS data collection on these specimens. It adjusts target position

and defocus based on geometric tilt considerations, achieving throughput comparable

to standard non-tilted data collection. Additionally, users can adjust the tilt angle as

needed during acquisition. This 
exibility, combined with real-time data processing,

empowers users to modify collection strategies based on fresh insights.

3.2.8 Asynchronous imaging and processing to improve throughput

SmartScope was designed to maximize microscope e�ciency and to remove much of

the idling time in the imaging process. A common source of idling is the processing

time required for rendering the frame averages or calculating the CTF �ts. To mini-

mize the impact of this, the microscope's imaging process and the image processing

routines run as parallel processes. The newly acquired images or movies are queued

up for analysis and processed sequentially on a separate thread. For the atlas and

windows, processing includes detecting, classifying, and selecting targets. For high-

magni�cation TOIs, it involves frame alignment when fractions are saved, and CTF

estimation. This allows the microscope to immediately acquire the next target while

the images are being analyzed (Figure 3.2).

3.3 Results

3.3.1 Automated object detection and classi�cation

SmartScope identi�es and classi�es ROIs and TOIs suitable for cryo-EM imaging

using DL approaches. At the atlas level, areas suitable for imaging appear as \win-
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Table 3.2: Average precision obtained for each type of grid square.
Without augmentation with augmentation

Small 65.7% 73.4%
Cracked 71.6% 76.5%
Dry 77.9% 79.4%
Contaminated 46.7% 50.4%
Good 77.7% 81.2%
Partial 45.0% 45.5%

Figure 3.5 : SmartScope's screening mode statistics. Screening rates with
and without beam-image shift (BIS) were 1.0 and 0.7 holes per minute, respectively
(RANSAC regression). The red arrow indicates the time of specimen loading and
start of atlas acquisition. Dashed blue line represents the median session duration
(21.6min) and the median number of high-magni�cation images (9.0) obtained per
specimen during screening mode.

dows", commonly shaped as squares, through the metallic grid in which the support

layer is intact and not blocked by thick ice or large contaminants. Windows are au-

tomatically detected and classi�ed using a trained network that identi�es the \good"

windows with 81:2% precision (Table 3.2), thus providing information that can ef-

fectively guide the instrument to avoid undesirable regions of the grid. Selected

windows are then acquired at a higher magni�cation where TOIs can take various

shapes depending on whether the modality is single particle cryo-EM, tomography

or negative stain. In single particle cryo-EM, these TOIs usually show as holes in

the substrate and are di�cult to detect with traditional image processing tools due

to the low contrast, especially when carbon mesh grids are used. Smarscope is able

to correctly identify 89% of the holes.
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Table 3.3: Smartscope screening mode statistics
Total specimens=981 min max mean median standard deviation
Squares sampled 0 7 2.5 3.0 1.3
Holes sampled 0 33 8.0 9.0 5.0
Time spent on specimen 3.0 56.3 21.0 20.9 8.4

Notes: All grids were collected using a K2 detector. The default parameters
for screening mode are a 9-tile atlas, 3 squares and 3 holes per square.

Table 3.4: Smartscope screening mode statistics excluding specimens with no usable
or visible squares.

Total specimens=772 min max mean median standard deviation
Squares sampled 1 7 3.0 3.0 0.9
Holes sampled 1 33 9.4 9.0 4.0
Time spent on specimen 9.1 56.3 23.0 21.7 6.7

Notes: All grids were collected using a K2 detector. The default parameters
for screening mode are a 9-tile atlas, 3 squares and 3 holes per square.

3.3.2 Screening mode statistics

In screening mode, the average time required for exchanging specimens and acquiring

a partial atlas covering at least 25% of the grid surface is 7.8 min (Figure 3.5,Table

3.3 and Table 3.4). The median sampling time for a specimen is 21 min, yielding a

median of 9.0 high-magni�cation images of holes sampled from 3.0 di�erent windows.

Table 3.5: Smartscope data collection mode statistics.
Total specimens=58 min max median mean+ SD
Total micrographs 565 8333 1626 2155� 1502
Holes per hour 51 141 100 100� 22
Data collection setup time (min)* 6 80 32 34� 17
Setup time per 1000 micrographs (min) 4 55 17 19� 11
Notes: Start times are at the start of specimen loading in the column. All
grids were imaged using a K2 detector.
* Data collection times are calculated as the time needed from grid loading to
the collection of the �rst 50 high-magni�cation targets minus the time required
for these 50 targets to be acquired.

30



Figure 3.6 : Acquisition of POLG2 dataset using SmartScope. A. Atlas of
the specimen (left), typical micrograph (center) with some particles picked (purple
circles) and 2D classes of POLG2 (right).B. Resulting map of POLG2 colored by
local resolution (left) and example of an alpha helix with atomic model �t into the
density (left). C. Masked Fourier Shell Correlation curve between half-maps showing
a resolution of 3.4�A

3.3.3 Data collection mode statistics

SmartScope o�ers a convenient option to set up, track data collection and to label and

annotate exposures. In data collection mode, the microscope continuously acquires

areas and �nds targets using operator assistance only to �ne tune the selection to

speci�c needs, signi�cantly reducing setup time as compared to our manual work
ow.

The median data collection setup time, from specimen loading to the start of high-

magni�cation acquisition, is 32 min with our K2 detector (Table 3.5). As an example,

we used SmartScope to determine a 3:4�A of the 55 kDa homodimer accessory subunit
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of the human mitochondrial DNA polymerase [YC13] (POLG2, EMD-25764, Figure

3.6). For this specimen, we collected 4,327 micrographs and seamlessly tilted to

30� for the last third of the dataset to improve the angular sampling of the protein

(Table 3.6).

Table 3.6: POLG2 (EMD-25764) data collection and processing statistics
No tilt Tilted Combined

Hardware
Microscope Talos Arctica (Thermo Fisher)
Detector K2 summit (Gatan Inc.)
Data collection and processing
Magni�cation 45,000
Voltage (kV) 200
Electron exposure (e/�A2) 50
Defocus Range (µm) 1.2-1.8 1.4-1.6 1.2-1.8
Tilt Angle ( � ) 0 30
Pixel size (�A/pixel) 0.932
Movie No. 3029 (70 %) 1282 (30 %) 4311
Symmetry Imposed C2
Final particles 99,189 (78 %) 28,641 (22 %) 127,860
Map resolution (unmasked) 3.7 4.3 3.7
Map resolution (masked) 3.5 3.9 3.4
FSC threshold 0.143
Data collection statistics
Setup time (min) 60
Throughput (movies/hour) 117.9
Throughput last hour (movies) 130

3.4 Conclusion

SmartScope is the �rst package speci�cally designed to assist, document and au-

tomate specimen evaluation during the process of optimizing samples for cryo-EM.

Its WebUI o�ers real-time remote oversight and control of the screening process

via a web browser. This interface also allows for result analysis both during and

post-session. Multiple users can simultaneously access live or saved sessions, and

several instruments can be managed from a single server. Automated navigation
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ensures the microscope's safe use by restricting potentially harmful controls. At its

core, SmartScope employs fast, AI-powered algorithms to seamlessly manage the

cryo-EM imaging process. Its capabilities in target identi�cation, object categoriza-

tion, and clustering enable comprehensive screening, guiding subsequent specimen

improvements. As a result, SmartScope supports both unsupervised work
ows and

guided exploration, demanding minimal user training. SmartScope o�ers both semi-

supervised and fully automated data collection. Users can adjust the areas chosen by

SmartScope on-the-
y without disrupting the data collection process. This enhances

microscope e�ciency and enables real-time feedback from in-line data processes to

boost image quality during capture, all without manual input. The system also sup-

ports unsupervised screenings and brief data collection sessions, which can conve-

niently run overnight, optimizing microscope usage. The interface to the microscope

hardware in SmartScope is currently achieved through SerialEM, which provides ab-

straction interfaces to the main microscope and detector manufacturers as well as

being open source and well supported. However, the current integration is made

so that interfaces to other software (e.g. Leginon, Digital Micrograph, SmartEPU)

can also be integrated with SmartScope in the future. SmartScope has a modular

design where new object detection and classi�cation algorithms can be added as plu-

gins, allowing integration of existing object detection and area selection programs

for cryo-EM [FLY + 22, KNCB21, RORP20, SHH+ 18, XTE20, YTS+ 20a, YMYN+ 21].

Additionally, the ability to use multiple feature detection and clustering methods at

di�erent magni�cation levels enables the creation of customized protocols for spe-

ci�c applications. This provides 
exibility to optimize selection of areas on a wider

variety of targets in cryo-EM, such as virions, �laments and cells. In summary, with

features like automated detection routines, multi-hole imaging, and tilted data collec-

tion abilities, SmartScope stands out as a robust tool, streamlining cryo-EM sample

screening and ensuring e�cient data collection. As we gather more data from more
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usages, we envision the establishment of a globally accessible \virtual microscopist"

server capable of improving itself through continuous learning based on voluntarily

submitted labeled datasets.
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4

Accelerating data collection with cryo-ZSSR:
multiple-image super-resolution of cryo-EM

micrographs based on deep internal learning

4.1 Introduction

In this chapter, we address the time-intensive data collection challenge for SPA.

Speci�cally, we aim to expedite the data collection process by minimizing the required

dataset size. Instead of collecting vast amounts of data with �ne pixel spacing to

achieve high-resolution 3D reconstructions, we demonstrate that by leveraging the

super-resolution (SR) strategies discussed in the background, one can achieve high-

resolution reconstructions from datasets gathered with larger pixel spacing. This

approach e�ectively reduces the volume of data required for collection.

As mentiond in Chapter 2, in SPA, 3D reconstruction of macromolecules requires

combining hundreds of thousands of noisy projection images. These images capture

identical copies of the molecule from various orientations. While signals contributed

by each individual projection are very weak, averaging the contribution from many

particles allows to overcome the extremely SNR. Acquiring such large datasets, how-
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